Introduction
This paper develops a new investor sentiment indicator for Germany and investigates the impact of sentiment on the German stock market. The question whether irrational sentiment or mood of investors has an impact on asset prices is extensively discussed in the finance literature. Several theoretical and empirical papers have shown that investor sentiment has a strong impact on stock prices with important implications for portfolio selection and asset management (see, e.g., Barberis, Shleifer, and Vishny (1998) , Kumar and Lee (2006) , and Baker and Wurgler (2006) ).
The question whether investor sentiment has an impact on stock prices is of foremost importance because investor sentiment can lead to market bubbles followed by massive devaluations (see, e.g., Brown and Cliff (2004) ). Two large stock market crashes during the last decade, i.e. the tech bubble crash in 2000 and the real estate bubble crash in 2008, underline the severe consequences of investor sentiment on asset prices. In addition, several papers have shown that there are profitable trading strategies that take advantage of stock price movements caused by investor sentiment (see, e.g., Baker and Wurgler (2006) , Fisher and Statman (2000)). However, most of the papers on sentiment focus on the U.S. stock market and rely on the notion that it is mainly retail investors who are affected by sentiment waves and who cause stock prices to drift away from their fundamental values (Kumar and Lee (2006) ). These papers implicitly assume that institutional investors are more rational in their trading behavior whereas retail investors are responsible for the impact of sentiment on markets. Therefore, it is important to test the robustness of findings from the U.S. market for other markets that are characterized, for example, by a different composition of the investor population. We address this issue by developing a broad based sentiment indicator for Germany and using this new indicator to provide out-of sample evidence on the impact of investor sentiment for the German stock market.
Specifically, the German stock market has some characteristics that might lead to a different reaction of stock returns to investor sentiment. Most importantly, the free float of German stocks is very small while it is about 80% in the U.S. (see, e.g., Faccio and Lang (2002) ). In a study based on all non-financial companies listed on the 'official' trading segment of the Frankfurt Stock Exchange, Andres (2008) finds that 84.5% of all constituents have one large shareholder with a stake of more than 25%. More importantly, the share of retail investors is much lower in Germany than on the U.S. stock market and most other developed markets: Only 5.2% of the German population are shareholders (DAI-Factbook, 2009 ). This is a very low proportion relative to all other major capital markets including the U.S. (25.4%), Japan (27.7%), or U.K. (23.0%) and gives rise to the question whether investor sentiment plays any role on the German stock market.
To investigate the impact of investor sentiment on the German stock market we first compute a condensed measure of investor sentiment. The measurement of investor sentiment is difficult and the literature has proposed numerous sentiment proxies (see, e.g., Qiu and Welch (2006) ). While all of these proxies are likely to capture some aspect of sentiment, they also contain an idiosyncratic, non-sentiment related, component. Thus, it is difficult to choose a specific 'best' proxy out of the individual proxies suggested in the literature. To circumvent this problem, we follow the approach suggested in Brown and Cliff (2004) , Baker and Wurgler (2006) , and Glushkov (2009): based on a principal component analysis (PCA) of various empirical sentiment proxies, we condense the information that is provided by these proxies. The individual sentiment proxies we consider are consumer confidence, aggregate net flows into equity mutual funds, put-call ratio, aggregate trading volume, IPO returns and number of IPOs, as well as the equity to debt ratio of new issuances. After several robustness checks, we identify the best combination of these proxies and construct an overall German sentiment indicator (GSI) . Showing in detail how the GSI can be constructed (and providing it for the use of other researchers) is one of the main contributions of this paper.
To test whether our new indicator is valid, we correlate it with the returns of stocks that have been identified to be sensitive to sentiment fluctuations. The literature identifies these "sentiment sensitive stocks" based on proxies for limits of arbitrage, difficulty of objective valuation, and the investor clientele of a firm. The rationale behind this is that arbitrageurs cannot arbitrage away sentiment-driven misvaluations caused by unsophisticated investors if limits of arbitrage are severe. We find that the returns of sentiment sensitive stocks correlate much stronger with our sentiment proxy than the returns of other stocks. In addition our sentiment proxy peaks at the tech bubble and sharply decreases afterwards. Both results support the validity of our sentiment indicator.
The sentiment effects we document have important implications for the portfolio selection of asset managers. For example, mutual funds typically face inflows in periods of positive sentiment and outflows in periods of negative sentiment (see, e.g., Indro (2004) ). They have to react to flows by buying or selling assets. Thus, if they would only hold very sentiment sensitive stocks, they would have to sell (buy) these stocks due to flows at exactly the time when they trade at prices which are too low (high). Therefore, asset managers whose money inflows and outflows depend on investor sentiment might want to avoid putting too much weight on sentiment sensitive stocks in their portfolios.
Additionally, we investigate the predictive power of investor sentiment for future stock returns. We find only weak explanatory power of our sentiment indicator for future stock return spreads between sentiment sensitive and sentiment insensitive stocks. The latter effect is mainly driven by periods following negative sentiment.
Overall, our results suggest that investor sentiment plays an important role for contemporaneous returns in Germany. However, unlike suggested by evidence for the US, sentiment in Germany does not seem to generally cause mispricing over extended periods of time that would allow for highly profitable trading strategies. These findings are consistent with the idea that the lower fraction of retail investors in Germany leads to a lower level and a shorter horizon of sentiment driven mispricing of stocks. Because the market is dominated by institutional investors, they will quickly observe the relative mispricing of sentiment sensitive stocks that we document and correct it. However, at the same time, the group of sentiment investors is important enough even in Germany to give rise to the documented impact of sentiment on contemporaneous returns. Given that the group of retail investors (the main suspect of investors that are subject to sentiment) is relatively small in Germany, this result would be consistent with them being important enough even in Germany or with at least a fraction of institutional investors being subject to sentiment as well.
Our paper contributes to the large literature on the impact of investor sentiment on stock returns (see, e.g., Shleifer and Vishny (1997) , Neal and Wheatley (1998) , Qiu and Welch (2006) , Baker and Wurgler (2006) , Kumar and Lee (2006) ). We show that although the German stock market differs in several aspects from the U.S. stock market, investor sentiment has a significant impact on contemporaneous German stock market returns, too. However, closely following the established methodology of Baker and Wurgler (2006) , we are not able to find strong predictive power of sentiment in Germany. The papers most closely related to ours are some studies on the German stock market: Schmeling (2009) uses consumer confidence as a proxy for sentiment and finds a negative impact on future aggregated returns over forecast horizons up to 24 months. Hengelbrock, Theissen, and Westheide (2010) also use a poll-based measure, the Sentix index, and document a positive relation to future DAX30 returns for intermediate horizons. Burghardt, Czink, and Riordan (2008) find that investor sentiment measured based on transactions in bank-issued warrants is negatively correlated with current DAX30 returns, while Schmitz, Glaser, and Weber (2009) find that DAX30 returns have a negative impact on sentiment and sentiment has a positive impact on DAX30 returns for the next trading day only. Finally, in an international study of six stock markets including Germany, Baker, Wurgler, and Yuan (2011) find some evidence for a negative relationship between sentiment and future aggregate stock market returns. However, their study does not report results for Germany individually and their sentiment index is based on a small set of only three market-based proxies. Besides looking at a much broader sample of virtually all German stocks rather than only blue chip index returns, our results differ from these papers in several important aspects: (i) We not only focus on one specific sentiment proxy. Rather we show how the information from several important sentiment proxies for Germany can be used to extract their common component based on a PCA. In doing so, we get a cleaner measure of investor sentiment and are not subject to any data-mining concerns. (ii) Additionally, none of the existing papers on sentiment in Germany takes into account the potential impact of systematic risk exposures by controlling for the Fama and French (1993) and Carhart (1997) risk factors, while our paper does so. (iii) Our paper is also the first to develop a comprehensive German sentiment indicator based on market data. (iv) Furthermore, we contribute to the literature by examining for the first time how sentiment explains contemporaneous cross-sectional return differences between sentiment sensitive stocks and sentiment insensitive stocks in Germany. (v) Finally, our paper is also the first analysis of sentiment in Germany that conducts an adjustment for the impact of changing macroeconomic conditions. The paper proceeds as follows. Section 2 contains a description of the individual sentiment proxies and the stock market data used in our analysis. Section 3 develops a German sentiment indicator based on a PCA. In Section 4 we test whether the proposed sentiment indicator is able to explain and predict the return spread between sentiment sensitive stocks and non-sentiment sensitive stocks. Section 5 concludes.
Data

Stock Market Data and Sentiment Proxies
Our sample consists of 955 German stocks that are listed at the Frankfurt Stock Exchange between 1993 and 2006. Stock prices, adjusted for dividends, splits and equity offerings, are obtained from Karlsruher Kapitalmarktdatenbank (KKMDB) in Germany and are used to calculate monthly returns. Our sample covers virtually the complete market capitalization. Particularly, it also contains many small, risky and hard to arbitrage stocks that are arguably most sensitive to sentiment fluctuations (see, e.g., Baker and Wurgler (2006) ).
Investor Sentiment can be measured based on two different approaches. First, investor sentiment can be elicited by surveys that directly ask individuals how they feel about current or future economic and stock market conditions. We refer to these survey based measures as explicit sentiment proxies. Second, investor sentiment can be measured based on market variables. These indirect measures of sentiment use trading patterns, price movements, or other market statistics to derive the overall degree of investor sentiment. We refer to these measures as implicit sentiment proxies. In the following, we describe the specific implicit and explicit sentiment proxies that we will use in our analysis. A detailed description of these proxies is also included in Panel A of the Appendix of this paper.
Explicit sentiment proxies that are mostly used in the sentiment literature are consumer confidence surveys (see, e.g., Bram and Ludvigson (1998) ). Therefore, we include the monthly series of GFK consumer confidence index, GFK m , in our analysis. This index is published by the Gesellschaft für Konsumforschung (GFK) and obtained via Bloomberg. The index measures the level of confidence households have in current and future economic performance. Consumer confidence indices are one of the most important investor sentiment indicators (see, e.g., Otoo (1999) , and Qiu and Welch (2006) ) and are thus indispensable in our PCA.
There are two other survey based sentiment indicators that have been developed for the German stock market. The G-Mind (German Market Indicator) is published monthly by the Centre for European Economic Research, ZEW. In this survey, analysts and institutional investors are asked about their stock and bond market expectations on a monthly basis. Based on their answers, the ZEW computes the G-Mind index. The Sentix indicator is published weekly by the sentix GmbH. It is based on an internet survey in which individuals can participate on a voluntary basis. Among other questions, participants are asked about their stock market expectations for different horizons. 1 Based on their answers, sentix GmbH calculates a sentiment index, labelled as 'Sentix'. If we include the Sentix or the G-Mind in our principal component analysis (results not reported), the first does not load on the first principal component at all, while the G-Mind exhibits a large and negative loading on the first principal component. This is opposite of what we would expect if it would capture sentiment. Since these results cast some doubt on the usefulness of historical Sentix and G-Mind data to capture sentiment, we do not include these survey-based measures as additional sentiment proxies in our PCA. 2 Although several papers rely on surveys to measure investor sentiment (see, e.g., Brown and Cliff (2004) , Brown and Cliff (2005) , Otoo (1999) ), the use of surveys can also be problematic because of inaccurate responses (see, e.g., Campbell (2003)), misunderstood questions (see, e.g., Betrand and Mullainathan (2001)), and non-response biases (Groves (2006) ). Therefore, papers such as Lee, Thaler, and Shleifer (1991) and Dorn (2009) suggest to use market variables as implicit sentiment proxies instead. Baker and Stein (2004) argue that aggregate trading volume is a good proxy for investor sentiment. In a market with short-sale constraints, investors only participate when they are optimistic. Especially individual investors tend to overreact to new information and have a tendency to trade in concert (see, e.g., Kumar and Lee (2006) , Lee and Swaminathan (2000) ). Thus, trading volume increases when investor sentiment is high. In support of this view, Jones (2002) finds that high turnover forecasts low aggregate market returns. Therefore, we use trading volume, TradVol m , defined as trading volume in million EUR in a given month divided by the total number of listed firms in this month as an implicit sentiment proxy in our PCA. 3 Net fund flows are proposed as a sentiment indicator by Frazzini and Lamont (2008) and Indro (2004) . In times of high investor sentiment, individual investors cumulatively buy mutual funds (see, e.g., Brown and Cliff (2004) ). We obtain monthly data on net fund flows, Flows m , by Deutsche Bundesbank and include them in our analysis. They are computed as the aggregate difference between inflows and outflows of German open end equity mutual funds. 4 We also use IPO Returns and IPO Activity as sentiment proxies as proposed by Baker and Wurgler (2006 ), Cornelli, Goldreich, and Ljungqvist (2006 ), and Glushkov (2009 . IPO activity is strongly correlated with market conditions. For example, Loughran and Ritter (1995) state that corporate executives time their IPOs to take advantage of fluctuations in investor sentiment. Similar evidence for Germany is provided in Oehler, Rummer, and Smith (2005) . As a measure for IPO activity we simply compute the number of IPOs in a given month, IPO-Num m . IPO returns are calculated as the difference between the IPO offer price and the initial price of the stock at the beginning of the first trading day. We use equalweighted IPO returns in a given month, IPO-Ret m , in our analysis. 5 We compute the number of IPOs per month and IPO returns based on data collected from Deutsche Börse AG, DAI Factbooks, and Hoppenstedt Aktienführer. 6
Based on a similar logic, we also use a firm's equity debt ratio to measure investor sentiment. According to Baker and Wurgler (2000) , investor sentiment causes equity to be overvalued. Thus, managers who try to time the market prefer to issue equity rather than debt when sentiment is high, and vice versa. We calculate the ratio of aggregate equity issuance to aggregated debt issuance, E/D-Ratio m , based on data from Deutsche Bundesbank. Issuances from government or state agencies are excluded.
Finally, we use the put-call ratio, which is also a prominent proxy for investor sentiment (see, e.g., Dennis and Mayhew (2002) , Brown and Cliff (2004) ). The put-call ratio measures how bullish or bearish the market is. In times when most stocks perform strongly, the number of calls bought typically far outweighs the number of puts bought, resulting in a relatively low put-call ratio. The opposite holds in times when most stocks perform poorly. We compute the ratio of the volume of call and put options in month m based on all German stock options as the number of calls traded divided by the number of puts traded. The data are acquired from Deutsche Börse AG. Note, that this ratio is the inverted put-call ratio, which we thus label IPCR m . We use the inverted version as this unifies the interpretation of the impact of all variables because it increases when sentiment is positive. Thus, all sentiment proxies in our analysis should now be positively related to sentiment.
While some of our sentiment proxies are available for a longer time period, all of these proxies are available starting in 1993 at the very latest. Thus, our study covers the years 1993 to 2006. Summary statistics of the individual sentiment proxies are presented in Table 1 . As is evident from these figures, the various sentiment proxies are measured on different scales. While trading volume is measured in absolute Euro values divided by the number of firms in a given month and net fund flows is measured in absolute Euro values, inverted put-call ratio and IPO returns are measured in relative terms, and consumer confidence is published as an index with a midpoint of zero. Correlations between all sentiment proxies are presented in Table 2 . They show that our sentiment proxies are strongly correlated. All of the correlations are in the expected direction: all proxies are positively correlated. For example, the correlation between GFK consumer confidence and net fund flows (IPO returns) is 0.53 (0.52). Most correlations are also highly statistically significant. This strongly suggests that there is some common underlying component that is shared by these indicators. Therefore, we are confident that the indicators used in our analysis are useful to measure investor sentiment. Nevertheless, the correlation between the indicators is not perfect which underlines the potential gain in measurement accuracy by extracting the common component all indicators share by conducting a PCA.
Orthogonalization of Sentiment Proxies
It is very likely that some of the sentiment proxies described above are related to the current economic situation. Thus, to make sure that our results are not driven by fluctuations in macroeconomic conditions rather than fluctuations in sentiment, we adjust our sentiment proxies for the influence of business cycle fluctuations. Following Baker and Wurgler (2006) , we use macroeconomic data on growth rates in industrial production, inventory orders, factory orders, retail sales, and employment levels for this adjustment. The macroeconomic variables and data sources are described in Panel B in the Appendix. To get rid of seasonal trends, we compute the monthly growth rate of the 12 month moving averages of the indicators and use this transformation in our further analysis. For example, as industrial production growth rate for January 2000 we use the percentage growth between the average monthly industrial production over the period February 1999 to January 2000 and the average monthly industrial production of the period January 1999 to December 1999.
To orthogonalize our sentiment indicators, we run the following regression for each sentiment indicator i:
In this regression, ‫ݐ݊݁ܵ‬ , is one of the sentiment variables described in Section 2.1. The explanatory variables are industrial production in month ݉ + ‫,1ݔ‬ ‫݀ݎܲ݀݊ܫ‬ ା௫ଵ , inventory orders in month ݉ + ‫,2ݔ‬ ‫݀ݎܱݒ݊ܫ‬ ା௫ଶ , factory orders in month ݉ + ‫,3ݔ‬ ‫݀ݎܱܿܽܨ‬ ା௫ଷ , retail sales in month ݉ + ‫,4ݔ‬ ‫݈ܽܵݐܴ݁‬ ା௫ସ , and employment levels in month ݉ + ‫,5ݔ‬ ‫݈݉ܧ‬ ା௫ହ , as described above. As published macroeconomic indicators can sometimes reflect relevant economic content with a lead or a lag, we follow Baker and Wurgler (2006) and include explanatory variables in (1) as contemporaneous variables or as lead or lag variables, respectively. To determine the appropriate lag structures ‫1ݔ‬ to ‫5ݔ‬ we first calculate the correlation between the respective proxy and various lags and leads of the macroeconomic variables from months -6 to +6 for the adjustment of each sentiment proxy individually and include the one with the highest correlation in our actual adjustment model. The resulting lead/lag structure that is used for each sentiment proxy in our macro-adjustments is presented in Table 3 . It can be seen that the contemporaneous realization of the macroeconomic variable is typically chosen, i.e. it typically has the strongest correlation with the sentiment proxies. For example, in the macro-adjustment of the sentiment proxy mutual fund flows, ‫ݐ݊݁ܵ‬ , = ‫ݏݓ݈ܨ‬ , we include the first lead of the employment growth variable, ‫݈݉ܧ‬ ାଵ , and the contemporaneous realization of all other macro-variables, ‫݀ݎܲ݀݊ܫ‬ , ‫݀ݎܱݒ݊ܫ‬ , ‫݀ݎܱܿܽܨ‬ , and ‫݈ܽܵݐܴ݁‬ . In our following analysis, we will use the lead/lag structure presented in Table 3 and extract residuals ߝ , from the corresponding modification of regression (1). We normalize these residuals so they have a mean of zero and a standard deviation of one and label the resulting orthogonalized (macro adjusted) sentiment indicators as ‫ݐ݊݁ܵ‬ , .
Construction of a German Sentiment Indicator (GSI)
The various sentiment proxies described above are all plausible candidates to measure some aspect of sentiment -but even after macro-adjusting they still also have an idiosyncratic, nonsentiment related component. To circumvent the problem that all proxies partially capture other aspects of investor behavior, we now extract the principal components of our sentiment proxies and use the first principal component as our main measure of sentiment. This procedure follows Baker and Wurgler (2006) as close as possible to allow comparability of results. We conduct the PCA based on normalized sentiment proxies that are adjusted for fluctuations in macroeconomic conditions, ‫ݐ݊݁ܵ‬ , , as described in Section 2. We label this PCA as PCA(a). As a robustness check, we conduct PCA(a) based on normalized but unadjusted sentiment proxies, ‫ݐ݊݁ܵ‬ , . All sentiment proxies are included contemporaneously in our analysis. Results on the coefficient matrix for the first two principal components I and II are presented in the first two columns in Table 4 .
Results in the first column of Panel A (Panel B)
show that the first principal component derived from all sentiment proxies (PCA(a)) explains about 32% (37%) of the total variation in the macro-adjusted (unadjusted) sentiment proxies. The smaller explanatory power of the principal component based on macro-adjusted sentiment proxies is due to the fact that the joint impact of macroeconomic conditions is only influencing the unadjusted component. Furthermore, all sentiment proxies have the expected sign regarding their correlation with the principal component. As expected, we find positive correlations for all proxies.
Regarding the second principal component (Column 2), we find that some of the input factors are correlated with the second component in the opposite direction. Thus, it is unlikely that the second component also captures investor sentiment. Therefore, only the first principal component should be used as a proxy for sentiment.
Besides the PCA using all input variables (PCA(a)), we also look at a reduced set of input proxies, in order to avoid double counting of individual proxies that capture very similar aspects of sentiment. We label this reduced PCA as PCA(b). Specifically, equity debt ratio, number of IPOs, and the average IPO return all capture equity issuance activity, which we do not want to overweight in our analysis (see, e.g., Derrien and Kecskes (2009)). When looking at the macro-adjusted sentiment proxies (Panel A), however, only the average IPO return shows a high correlation of 57% with the first principal component. Therefore, in the reduced PCA(b), we only use the latter variable, because in contrast to the number of IPOs, IPO returns additionally include information on underpricing. The explanatory power of the PCA increases for our reduced set of input factors (PCA(b)), i.e. the first principal component explains about 43% (42%) of the total variation in the macro-adjusted (unadjusted) sentiment proxies in Column 3. This is due to the fact that fewer proxies are included in the construction of PCA(b) which mechanically increases the explained variance. The impact of the individual proxies on the first principal component in column 3 are very similar to those in PCA(a). Again, all correlations are in the expected direction. Thus, the first principal component seems to be a useful candidate for a German Sentiment Indicator. Furthermore, the second principal component again does not seem to capture sentiment.
One could argue that lagged stock market returns also serve as a sentiment proxy (see, e.g., Brown and Cliff (2004)). In addition, a high price level at the stock market might influence some of our sentiment proxies such as net fund flows. Therefore, we alternatively conduct a PCA which includes the previous month stock market return as an additional sentiment indicator (results not reported in tables). Specifically, we include either macro-adjusted or unadjusted, normalized, previous month CDAX returns in our PCA analysis. As expected, both variables load positively on the first principal component but their weight is lower than that of the other proxies. More importantly for our further analysis, the correlation between the first principal component of PCA(b) (macro-adjusted or unadjusted) and the first principal component of this analysis is 0.99. Thus, our further results do not differ if we include lagged stock market returns. To keep our sentiment index as simple as possible, we therefore do not include lagged CDAX returns in our further analysis.
The correlations between the first principal components are presented in Panel C of Table 4 . The pair-wise correlations between the macro-adjusted and unadjusted first principal component are 68% and 81%, suggesting that macroeconomic factors are of importance in influencing time series fluctuations in sentiment proxies. Furthermore, the pair-wise correlations between the first principal component from PCA(a) and PCA(b) are between 93% and 98% for unadjusted as well as macro-adjusted data. Thus, little to no information is lost in dropping some of the variables capturing very similar aspects of sentiment. In the following analysis, we will use the first principal component from PCA(b) using macroadjusted data and refer to this variable as the macro-adjusted German Sentiment Index ‫ܫܵܩ(‬ ). Our sentiment index looks as follows:
where all variables are defined as described above and in the Appendix. The relative importance of the impact of the individual proxies on the GSI can be directly assessed, because all proxies are normalized as described above before they are used in the PCA. 7 It can be seen that all individual sentiment proxies have a similar impact (around 0.3) in the equation for the GSI. Thus, all individual sentiment proxies contribute to our overall measure of sentiment, which supports the case for developing a sentiment indicator using PCA. This result generally remains stable if we look at sub-periods (1993-1999 and 2000-2006) and if we exclude the Tech-Bubble period (July 1999-June 2001). 8 Nevertheless, when updating the GSI, the PCA should be repeated in order to obtain updated weights which reflect a possible change in the relative importance of the individual sentiment proxies. The development of the macro-adjusted sentiment index ‫ܫܵܩ(‬ ) and the unadjusted sentiment index ‫ܫܵܩ(‬ ) over time is plotted in Figure 1 . It shows strong time-series variation.
Confirming the validity of the sentiment indicator, we observe that sentiment is particularly high during the tech bubble and sharply declines afterwards. 9
Properties of the German Sentiment Index (GSI)
Sentiment and Contemporaneous Returns
The coefficients of the individual sentiment proxies in Table 4 suggest that the first principal component reflects some joint information that all individual sentiment proxies contain. To validate that the information reflects investor sentiment, we now examine how the first principal component from PCA(b) relates to the differences between contemporaneous returns of stocks that are sensitive to sentiment fluctuations (sentiment sensitive stocks) and those that are not.
To test whether contemporaneous returns are affected by fluctuations in sentiment, we first sort firms into equal-weighted quintile portfolios depending on their sentiment sensitivity. 10 Strictly speaking, in doing so, we test the joint hypothesis that the sorting criterion used does capture the sentiment-sensitivity of a stock and that the GSI does actually capture sentiment, i.e. explains the returns of sentiment sensitive stocks. 11 To alleviate this potential concern, we use different sorting criteria to capture the sentiment sensitivity of a stock that are suggested in the literature. 12 These sorting criteria are generally based on proxies for limits of arbitrage, difficulty of objective valuation, and the investor clientele of a firm. For instance, Baker and Wurgler (2006) argue that in particular stocks of smaller, younger, unprofitable, high volatility, non-dividend paying stocks are strongly sensitive to investor sentiment because they are harder to arbitrage and more difficult to value. The same rationale holds for stocks with high idiosyncratic risk (see, e.g., Glushkov (2009)). Additionally, retail investors who are particularly prone to sentiment fluctuations typically carry out small trades. Thus, stocks with many small trades should also be more prone to sentiment fluctuations (see, e.g., Hvidkjaer (2008)). 13
Except for profitability and dividends, portfolios are rebalanced every month. Portfolios formed on profitability and dividends are formed in June of each year based on previous year information. The conservative six month lag is imposed to ensure that the required accounting data is known before ranking. The returns of sentiment sensitive stocks are expected to be higher than returns of non-sensitive stocks in periods when sentiment is high, vice versa. The reason for this is that sentiment investors strongly buy stocks in concert during these periods which leads to inflated prices of sentiment sensitive stocks. Thus, if returns of sentiment sensitive stocks co-move more with our first principal component than non-sentiment sensitive stocks, this provides evidence that the first principal component is indeed a measure of investor sentiment.
After sorting firms into quintiles based on their sentiment sensitivity, we compute equal weighted returns for each of the five sentiment portfolios in month m. We also construct a difference portfolio, Q(1)-Q(5), where we subtract the equal weighted return of the low sentiment portfolio Q(5) from the equal weighted return of the high sentiment portfolio Q(1). Finally, we validate our sentiment proxy by testing how sensitive the respective portfolio returns are to fluctuations of the sentiment proxy by relating the excess portfolio returns over the risk-free rate ‫)ݏ(ܳ‬ − ‫ݎ‬ with 1,...,5 s = , to the first principal component, ‫ܫܵܩ‬ , using the following time-series regression:
We expect Q(1) to co-move much stronger with sentiment, ‫ܫܵܩ‬ , than Q(5), i.e. we expect
. Consequently, we also expect the return of the difference portfolio, Q(1)-Q(5), to be positively related to ‫ܫܵܩ‬ .
To control for the impact of the market return on returns of the sentiment portfolios, we alternatively also estimate a one-factor model where we include contemporaneous market returns as explanatory variable:
In this regression, RMRF m is the excess market return over the risk free rate in month m. As a proxy for the market portfolio we use the Deutscher Aktienforschungsindex (DAFOX), a value-weighted performance index calculated by Karlsruher Kapitalmarktdatenbank (KKMDB) for research purposes. The DAFOX is available until December 2004, afterwards we use the value-weighted CDAX performance index of Deutsche Börse AG as our market portfolio. 14 As a proxy for the monthly risk free rate we take the one-month money market rate as reported by Deutsche Bundesbank.
Furthermore, to control for a potential impact of size-, value-, and momentum-effects on the returns of our sentiment portfolios, we also estimate the Carhart (1997) four-factor model:
In this regression, SMB m and HML m denote the Fama and French (1993) size and value factors for Germany. SMB m represents the return difference between a small firm and a large firm portfolio in month m. HML m is the difference between the returns to portfolios of high and low book-to-market equity stocks in month m. WML m represents the Jegadeesh and Titman (1993) momentum anomaly and is the return of a hedge-portfolio which is long in high past return stocks (winners) and short in low past return stocks (losers) in month m. 15
The first sorting criterion that we use to identify sentiment sensitive stocks is volatility.
Volatile stocks are more difficult to value and more difficult to arbitrage than less volatile stocks (see, e.g., Baker and Wurgler (2007)), i.e. limits to arbitrage that prevent sentimentbased price deviations from fundamental values to quickly disappear are eventually more severe for these stocks. Thus, volatile stocks should be more sentiment sensitive than less volatile stocks. We present results for this sorting criterion in some detail, before we summarize the results using alternative sorting criteria. Return volatility is measured as the standard deviation of monthly returns over the previous year. Consequently, Q(1) (Q(5)) now contains the stocks with the highest (lowest) volatility.
Descriptive statistics on our Q(1) -Q(5) volatility portfolios for each sample year are presented in Table 5 . As expected, firms within the sentiment sensitive portfolio Q(1) are generally smaller in terms of market capitalization than sentiment insensitive firms in portfolio Q(5). Average trade size is also smaller for sentiment sensitive firms. The overall number of firms in our sample increases substantially over time, with a particularly strong increase from 1999 to 2001.
To get a first impression on how the portfolio returns are related to sentiment, we visualize the loadings on our macro-adjusted ‫ܫܵܩ(‬ ) and unadjusted sentiment index ‫ܫܵܩ(‬ ), from model (5) for the quintile portfolios Q(1) to Q(5) in Panel A of Figure 2 . The graphical pattern is consistent with our expectation. The loading on our sentiment index is clearly highest for sentiment-sensitive stocks (high volatility stocks) in the first quintile Q(1). It is much smaller or even negative for quintiles Q(2) to Q(5) with low to medium sensitive stocks. This result holds for both the macro-adjusted and the macro-unadjusted sentiment index. However, it is more pronounced for the macro-adjusted version of GSI. Overall, these results are consistent with our GSI actually capturing sentiment.
The underlying estimation results from model (5) as well as the detailed estimation results for models (3) and (4) are presented in Table 6 . Consistent with the graphical impression, the results in Panels A to C clearly show that the return of the high volatility portfolio (Q(1)) strongly co-moves with sentiment, i.e. the higher investor sentiment, the higher the return of this portfolio. This result holds for all estimated models (3), (4) and (5). 16 In contrast, the return of the low volatility portfolio (Q(5)) is not significantly related to ‫ܫܵܩ‬ in models (3) and (4) and significantly negatively related to ‫ܫܵܩ‬ in model (5). 17 Most importantly, the difference portfolio between high and low sentiment sensitive stocks always yields a significantly positive coefficient on the sentiment indicator, i.e. the return spread between high and low volatility stocks can be explained by our sentiment indicator. This is a strong indication that the first principal component indeed reflects investor sentiment.
To provide further evidence that the first principal component is a useful measure of investor sentiment, we now use other sorting criteria that have been shown to reflect sentiment sensitivity of stocks. Results using these other sorting criteria are presented in the following section.
Other Sorting Criteria
According to the literature on investor sentiment, there are various other characteristics of stocks that allow differentiating between sentiment sensitive and non-sensitive stocks. We now use these sorting criteria to construct portfolios of (non-) sentiment sensitive stocks and then run the same regressions as in the previous section. The rationale for the different sorting criteria (idiosyncratic volatility, trade size, firm age, dividend payments, firm size, and profitability) as well as the detailed results will be described in the following.
Gao, Yu, and Yuan (2010) and Glushkov (2009) show that stocks with high idiosyncratic risk are more sensitive to investor sentiment than stocks with low idiosyncratic risk. The reason for this is that high idiosyncratic risk makes relative value-arbitrage risky (see, e.g., Wurgler and Zhuravskaya (2002) ). Furthermore, stocks with high idiosyncratic risk are more costly to trade. We sort firms into quintiles based on their prior 12 month idiosyncratic volatility relative to a Carhart (1997) four-factor model and compute the equal weighted returns of each quintile portfolio. 18 We then calculate the return of the Q1-Q5 difference portfolio to estimate equations (3), (4), and (5). Consistent with results from the volatility sorts, results in Panel B of Figure 2 show that sentiment sensitive stocks in Quintile Q(1) are strongly positively related to ‫ܫܵܩ‬ , while non-sentiment sensitive stocks in Quintile Q(5) are not. Regression results are presented in Table 7 . For the sake of brevity, we only report the coefficients of the impact of the sentiment indicator on the return spread in Table 7 . The results show that the difference portfolio (high idiosyncratic volatility portfolio minus low idiosyncratic volatility portfolio) is significantly positive related to ‫ܫܵܩ‬ . This result holds regardless of whether we look at raw returns (Column 1), a one-factor model (Column 2), or a four-factor model (Column 3).
We also use average trade size of a firm's stock to differentiate between sentiment sensitive and sentiment insensitive stocks. According to Hvidkjaer (2008) , predominantly small trades in a stock indicate that the fraction of retail investors holding the stock is relatively large. 19 Retail investors are often considered to be the main driver of investor sentiment (Kumar and Lee (2006) ). Although the overall fraction of retail investors is relatively small on the German stock market, we still expect some cross-sectional variation and thus use the average trade size in a given month as an additional proxy for the sentiment sensitivity of a stock. It is important to mention that this proxy might be less useful in future studies focusing on more recent time periods where trading algorithms allow institutional investors to split large orders over time to minimize market impact and implementation costs. According to Hendershott and Riordan (2011) We sort firms into quintiles based on the average daily trade size in the last month. The daily trading volume and the number of daily trades are obtained from KKMDB. Results in Panel C of Figure 2 and the results presented in the second row of Table 7 show that the high vs. low sentiment portfolio (small average trade size minus large average trade size) is significantly positive related to ‫ܫܵܩ‬ for all three models (Columns 1-3 ).
Baker and Wurgler (2006) argue that firm age can also be used to measure the sentiment sensitivity of a stock. Specifically, stocks of young firms are more sensitive to sentiment than stocks of old firms as young firms are more difficult to value because they have no long earnings history and a highly uncertain future. Thus, sentiment driven misvaluations are not corrected by arbitrageurs. Panel D of Figure 2 and the third row of Table 7 contain results where we sort firms into quintiles based on their age measured as the number of months since the date of firm foundation. 21 We find that there is again a significantly positive loading of ‫ܫܵܩ‬ on the difference portfolio between sentiment sensitive (young) and sentiment insensitive (old) stocks, Q(1) -Q(5) for all specifications.
Baker and Wurgler (2006) expect that sentiment has a greater effect on stocks that do not pay dividends since such stocks' cash flows tend to occur far in the future. Thus, they are subject to speculation and typically hard to value. We follow Baker and Wurgler (2006) and sort firms into two portfolios depending on whether their stocks pay dividends or not. Data on whether firms pay dividends are from Hoppenstedt Aktienführer. We expect that the portfolio return of sentiment sensitive stocks (stocks that do not pay dividends) co-moves stronger with ‫ܫܵܩ‬ than the portfolio return of sentiment insensitive stocks. The results in Panel E of Figure 2 are in line with this expectation. Furthermore, for all three specifications (Columns 1-3) in Table 7 , we find a significantly positive coefficient for the impact of ‫ܫܵܩ‬ on the difference portfolio.
Using firm size as a proxy to differentiate between sentiment sensitive and sentiment insensitive stocks is again based on the hard to value/difficult to arbitrage rationale. We measure size as the market value of equity in the previous month. 22 Results for sorts based on size are presented in Panel F of Figure 2 and in Panel E of Table 7 . As expected, sentiment sensitive stocks (small stocks) co-move stronger with our sentiment indicator than sentiment insensitive (large) stocks as indicated by the positive impact of ‫ܫܵܩ‬ on the return difference, which is significant in models (4) and (5). In the size sorts we do not include the size factor when estimating model (5).
According to Baker and Wurgler (2006) , profitable firms are generally easier to value and thus easier to arbitrage. Therefore, stocks of firms with positive earnings should be less sensitive to investor sentiment than stocks of firms with negative earnings. In Panel G of Figure 2 and in Panel F of Table 7 , we then sort firms into two portfolios, depending on whether they report positive or negative earnings for the previous year. 23 We classify the portfolio consisting of firms with positive earnings as sentiment insensitive, and the portfolio of firms with zero or negative earnings as sentiment sensitive, respectively. Earnings data are hand-collected from Hoppenstedt Aktienführer. The results show that the return of the difference portfolio is again significantly positive related to ‫ܫܵܩ‬ across all model specifications (Columns 1-3) .
Overall, the results on the relation between ‫ܫܵܩ‬ and the return spread between sentiment sensitive and sentiment insensitive stocks show that sentiment is an important factor explaining stock returns in Germany. Furthermore, the uniform results we get based on the various different proxies to define sentiment sensitive stocks clearly show that the first principal component can safely be used as a proxy for investor sentiment in our case.
Sentiment and Future Stock Return Spreads
Baker and Wurgler (2006) show that when sentiment is high (low), sentiment sensitive stocks earn relatively lower (higher) returns in the subsequent year in the US. We now investigate whether sentiment has any predictive power for future stock returns in Germany. As a second specification, we additionally include the market factor to control for the impact of the systematic market risk of the difference portfolio:
Finally, we also include the further systematic risk factors identified in Fama and French (1993) as well as the momentum factor of Carhart (1997) as described in the previous chapter:
It is particularly important to control for the momentum factor, because sentiment sensitive stocks are likely to be winners (losers) in periods of high (low) sentiment (see Section 4.1 and 4.2) and the momentum effect predicts an outperformance of past winners. The momentum effect for Germany is documented in Schiereck, DeBondt, and Weber (1999) .
As in the previous section, we first look at detailed results where we classify high and low sentiment sensitive stocks based on stock volatility, before we shortly summarize the results using the other sorting criteria. We investigate the future return of a difference portfolio between stocks with the highest (Q1) and the lowest (Q5) sentiment sensitivity and analyze different time horizons, i.e. we investigate future stock returns over the next 3 months, ‫ݐܴ݁‬ ଵ→ଷ ொ(ଵ)ିொ(ହ) the next four to six months, ‫ݐܴ݁‬ ସ→ ொ(ଵ)ିொ(ହ) , the next seven to nine months, ‫ݐܴ݁‬ →ଽ ொ(ଵ)ିொ(ହ) , and finally the next ten to twelve months, ‫ݐܴ݁‬ ଵ→ଵଶ ொ(ଵ)ିொ (ହ) . 25 We look at different time periods to examine how the return of the difference portfolio develops over time. While there might be some persistence in sentiment (and thus return differentials), it is expected to eventually mean-revert, i.e. we expect the portfolio with sentiment sensitive stocks to outperform non-sentiment sensitive stocks in the short run and to eventually underperform non-sentiment sensitive stocks in the long run.
In addition to this analysis, we also differentiate between subsequent return differentials after positive and after negative sentiment. Therefore, we replace ‫ܫܵܩ‬ in models (6) takes on the value one, if sentiment is larger than 1 (lower than -1), and zero otherwise. 26 Results are presented in Table 8 .
Panel A of Table 8 presents results from Model (6).We observe a positive relation between the return spread and our sentiment indicator over the first 3 months. The relation then reverses and turns negative over the next 4 to 12 months. This is consistent with sentiment sensitive stocks outperforming for up to a quarter after a high sentiment month, but then starting to underperform as compared to non-sentiment sensitive stocks. We find similar evidence after controlling for the market factor (Panel B) and the Carhart (1997) four-factor model (Panel C). However, the effects are generally not statistically significant, which is likely to be due to the fact that sentiment is often at relatively moderate levels (see Figure 1 ) and thus might not have a strong impact. Therefore, we now look at the results for future return spreads if sentiment is very high or very low.
If we consider periods after high sentiment by looking at the impact of ‫)݅ܪ(ܯܷܦܫܵܩ‬ , we find a similar pattern: the return difference is still positive in the first one or two quarters and then tends to reverse in the third quarter. However, the effects are generally not significant in this case. Results are somewhat stronger after periods of low sentiment. Consistent with our expectations, we find that the return difference is negative in the first quarter after a very negative sentiment month. In the following quarters, the return difference then reverses and becomes significantly positive. This shows that sentiment sensitive stocks underperform relative to non-sentiment sensitive stocks for a short while after very negative sentiment, but then outperform in the following quarters. This result holds for raw returns (Panel A) as well as after controlling for the market factor (Panel B) and the Carhart (1997) four-factor model (Panel C). These findings are broadly consistent with evidence provided in Baker, Wurgler, and Yuan (2011) for a group of six major stock markets including Germany. 27
In the following, we investigate the stability of our result by again using different sorting criteria other than volatility to define the sentiment sensitivity of a stock. As in the previous section, we classify stocks as sentiment sensitive stocks if they are characterized by high idiosyncratic risk, if their average trading size is small, if they are young, small, unprofitable, and do not pay dividends. For the sake of brevity, we only report results for the most conservative approach and use the Carhart (1997) four-factor model (8) as our main specification. For the size sorts, we again do not include the size factor when estimating model (5) . Results are presented in Table 9 and show a similar pattern as we observe in Table  8 . The results for model (8) are generally insignificant. Furthermore, there is a generally positive but also insignificant relation between the future return spread over the next three months and ‫ܫܵܩ‬ if sentiment is strongly positive. We then observe that the relationship reverses over the course of the following months. This is consistent with findings reported in Baker and Wurgler (2006) for a similar set of sorting criteria. As before, our results are somewhat stronger after periods of low sentiment. Here, returns are typically first negative and then turn significantly positive. 28 Overall, the predictive power of sentiment for future return spreads is weak. Although contemporaneous return spreads are strongly affected by sentiment fluctuations (see Section 4.1), generally this does not seem to lead to severe relative mispricing over time. We only find significant effects after periods of very low sentiment. This suggests that the observed effect is mainly driven by relative undervaluation of stocks after periods of very low sentiment rather than by relative overvaluation after periods of very high sentiment. This pattern is consistent with the general tendency of investors to react more strongly in response to bad news as compared to good news (Conrad, Cornell, and Landsman (2002) ).
Conclusion
This paper develops a broad based sentiment indicator for Germany and investigates whether investor sentiment is still prevalent in a stock market where retail investors only play a minor role. We develop a sentiment indicator for the German stock market based on the first principal component of five well-established proxies for investor sentiment: consumer confidence, (inverted) put-call ratio, trend adjusted trading volume, net fund flows and IPO returns. Out of the different variations of input variables we analyse, we consider this indicator to be best suited to measure sentiment on the German stock market as it balances data input requirements and a broad representation of the main sentiment proxy categories. We show that this indicator has explanatory power for the return spread between sentiment sensitive and sentiment insensitive stocks based on several sorting criteria that have been shown to be characteristic for sentiment sensitive stocks. Furthermore, we show that our sentiment indicator has only weak power in predicting future return spreads between sentiment-sensitive and sentiment-insensitive stocks. The effect is mainly driven by periods after very low sentiment, while there is no strong impact of sentiment on future return spreads after periods of high sentiment. This result is consistent with evidence from the earnings announcements literature that investors react stronger to bad news than to good news (Conrad, Cornell, and Landsman (2002) ).
While evidence for the U.S. shows severe relative mispricing and strong predictive power of sentiment, we find that sentiment does not generally predict future return spreads in Germany. The weak cross-sectional predictive power of sentiment is probably due to the fact that the German market is mainly populated by sophisticated (institutional) investors who are less prone to sentiment fluctuations. Interestingly, our results suggest that sentiment does still play a role in explaining contemporaneous stock returns. This raises the question whether institutional investors are at least to some extent subject to sentiment as well. While we are not aware of any papers that explicitly analyze whether institutional investors are subject to irrational sentiment fluctuations, there is now a growing body of literature that shows that not only retail investors but also professional investors are often -at least to a certain extentsubject to various behavioural biases. 29 However, our results show that even such a potential effect is not strong enough to give rise to a long-lasting strong mispricing of stocks that would allow creating a profitable trading strategy. The role of the fraction of retail investors and institutional investors for the importance of sentiment would be an interesting avenue for a future cross-country study involving data from more markets. 1 We use six-months expectations instead of one-month expectations because Sentix one-month horizon answers are very noisy (Schmeling (2007) ). 2 As an alternative test of the usability of the Sentix and the G-Mind as sentiment indicators, we also conducted the same analysis as we did to validate our sentiment indicator GSI: We relate both alternative sentiment indicators, G-Mind and Sentix, to the differences between contemporaneous returns of stocks that are sensitive to sentiment fluctuations and those that are not. Our results (not reported) show that G-Mind (Stocks) as well as Sentix generally have no significant impact on the contemporaneous return spread between sentiment sensitive and sentiment insensitive stocks. 3 Data on trading volume is provided by Deutsche Bundesbank, the total number of listed firms are collected from Deutsches Aktieninstitut's (DAI) Factbooks. The DAI Factbook is updated once a year and contains a comprehensive collection of statistics on the German stock market. We trend adjust trading volume as in Andersen (1996) and compute,
where ‫݈ܸ݀ܽݎܶ‬ is trading volume in million EUR in month m, and TotalFirms m is the total number of listed firms in month m. 4 Another proxy regularly used in U.S. studies is the closed end fund discount (see, e.g., Lee, Thaler, and Shleifer (1991) and Neal and Wheatley (1998) ). Since listed closed end equity funds do not exist in Germany, we cannot use this proxy in our study. However, net flows are the mutual fund equivalent of the closed end fund discount. Thus, we think that we do not miss an important aspect of sentiment by not being able to include the closed end fund discount. 5 Using value-weighted IPO returns instead does not affect our results (not reported). 6 The Hoppenstedt Aktienführer is updated annually and contains information about all listed German firms including balance sheet and profit and loss items. 7 The resulting first principal component is also normalized and has a mean of zero and a standard deviation of one. 8 The only exception is the impact of trading volume, which does not play a large role in the sub-period 2000 to 2006 anymore. However, this does not affect our results: The correlation between our GSI and the first component of a PCA estimated based on the same proxies as above but excluding trading volume is 99.98% in the 2000 to 2006 period. 9 The time series data for the GSI is provided for the use of other researchers under http://sites.google.com/site/ruenzi/data. 10 We follow Baker and Wurgler (2006) and use equal weighted portfolios, because large firms will probably be less affected by sentiment. Thus, using value weighting will "tend to obscure the relevant patterns". 11 For the sake of brevity, we use GSI as an abbreviation for the German Sentiment indicator in the main text. It comprises both, the macro adjusted indicator ‫ܫܵܩ(‬ ) and the unadjusted indicator ‫ܫܵܩ(‬ ). 12 The list of sorting criteria to define sentiment sensitive stocks is long. We mainly follow the article by Baker and Wurgler (2006) as a benchmark for the choice of sorting criteria. However, they also include additional proxies like expenditures for R&D or sales growth for which we could not get data for all of the firms in our sample. 13 Another proxy for limits of arbitrage is stock illiquidity (Kumar and Lee (2006) ). Thus, illiquid stocks might be particularly prone to sentiment fluctuations, too. However, at the same time Baker and Stein (2004) argue that high liquidity is a proxy for investor sentiment because it signals that the market is currently dominated by irrational investors. Thus, overall it is not clear how liquidity is related to sentiment. In unreported tests using the Amihud (2002) illiquidity ratio as a liquidity proxy we find no clear relationship between liquidity levels and sentiment fluctuations. 14 DAFOX and CDAX have very similar return characteristics. In the overlapping period from January 1993 to December 2004 the monthly returns of DAFOX and CDAX are almost perfectly correlated (correlation coefficient of 0.978). The correlation coefficient between the monthly returns of the combined DAFOX/CDAX and a value-weighted index based on all stocks considered in our study is 0.979. Thus, the DAFOX/CDAX serves as an appropriate market proxy for our stock universe. 15 SMB m and HML m are constructed for the German stock market as described in Fama and French (1993) , while the design of WML m generally follows Carhart (1997). We use the factor time series also used in Artmann et al. (2011) . 16 Interestingly, the non-sentiment sensitive stock portfolio Q(5) delivers a positive abnormal return, as indicated by the significantly positive intercept presented in the second to last column of Table 6 , while the sentiment sensitive stock portfolio does not. This suggests that sentiment sensitivity is not a positively priced risk factor on the German stock market. This result is also consistent with recent findings in Koch (2010) , who finds that German stocks with high idiosyncratic risk earn negative abnormal returns.
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17 Results for a not macro-adjusted sentiment indicator (not reported) are very similar. 18 Alternatively, we compute idiosyncratic volatility relative to a one-factor model. Results (not reported) are virtually unchanged. 19 For supportive evidence, see also Lee and Radhakrishna (2000) . However, note that Hvidkjaer (2006) also shows that institutional investors make smaller trades in small stocks. Thus, trade size might also partially proxy for firm size. We examine the role of firm size explicitly in Section 4.2. 20 Alternatively, we conduct this analysis for the first ten years of our sample period (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) only to make sure that our results are not biased by gradual trading of institutional investors that might have already slowly started in the last years of our sample. Results (not reported) are stable. 21 Data on firm foundation dates are hand-collected from Hoppenstedt Aktienführer. The results do not change, if we measure firm age in number of month since the firm's first appearance in our sample. 22 Market value of equity is computed as stock price times shares outstanding. Data on shares outstanding are from Hoppenstedt Aktienführer. 23 Alternatively, we sort firms into profitability quintiles. Our results (not reported) remain stable. 24 In unreported tests, we find no strong effects if we relate contemporaneous sentiment to future aggregate returns. 25 In unreported tests, we also examine longer periods like months 13 to 24. We generally find no significant results for these longer horizons. 26 As sentiment is standardized, this means that ‫)݅ܪ(ܯܷܦܫܵܩ‬ ‫)ܮ(ܯܷܦܫܵܩ(‬ ) is one if sentiment in month m is more than one standard deviation above (below) its mean. 27 Unfortunately, Baker, Wurgler, and Yuan (2009) do not provide country-level results. 28 Note, that the sentiment indicator analyzed so far is calculated ex post. In unreported analysis, we also examine an alternative indicator which is again based on PCA. However, in contrast to the proxy used above, it is calculated at each point in time only using a rolling window of past data. This indicator is highly correlated with the aggregate sentiment measure used before and we find very similar results: Again, there is no strong predictive power of sentiment for future aggregate returns or return spreads. 29 Studies that find signs of irrational behavior among professional investors include Haigh and List (2005), Coval and Shumway (2005), Glaser, Langer, and Weber (2010), and Puetz and Ruenzi (2011) . Notes: This figure shows the development of the unadjusted and macro-adjusted sentiment index over time. The unadjusted sentiment index is the first principal component of five sentiment proxies: consumer confidence, aggregated trading volume, net fund flows, IPO returns, and the inverted put-call-ratio. The macro-adjusted sentiment index is based on sentiment proxies adjusted for growth in industrial production, inventory orders, factory orders, retail sales, and employment. The sentiment proxies are standardized to have a mean of zero and a standard deviation of one and the first principal component is also standardized in the same way. Notes: Panels A to G show loadings of equal-weighted quintile portfolios on the unadjusted sentiment index and the macro-adjusted sentiment index, respectively. In addition to the sentiment index, time-series regressions include the market, size, value, and momentum factor as explanatory variables. Quintile portfolios are formed on criteria that capture the sentiment sensitivity of a stock: volatility, idiosyncratic risk, trade size, firm age, and firm size. Quintile portfolios are rebalanced every month. In addition, following Baker and Wurgler (2006) , firms are categorized based on whether they paid (did not pay) dividends and based on whether they did report positive (negative) earnings. In this case, firms are only sorted into one of two groups, respectively. Portfolios formed on profitability and dividend payments are formed in June of each year. Jegadeesh and Titman (1993) momentum anomaly and is long in short-term winner stocks and short in short-term loser stocks (see, e.g., Carhart (1997)). t-statistics based on Newey and West (1987) standard errors are presented in parentheses. (1993) factors, hedge-portfolios long in small (high BE/ME) stocks and short in big (low BE/ME) stocks. WML m captures the Jegadeesh and Titman (1993) momentum anomaly and is long in short-term winner stocks and short in short-term loser stocks (see, e.g., Carhart (1997)). t-statistics based on Newey and West (1987) standard errors are presented in parentheses. The hedge-portfolio return is the return difference between the High and the Low quintile volatility portfolio. ‫ܫܵܩ‬ denotes the macro adjusted sentiment index. RMRF is the excess market return over the risk-free rate. SMB and HML are the Fama and French (1993) factors, hedge-portfolios long in small (high BE/ME) stocks and short in big (low BE/ME) stocks. WML captures Jegadeesh and Titman`s (1993) momentum anomaly and is long in short-term winner stocks and short in short-term loser stocks (see, e.g., Carhart (1997)). The second and third row of each panel present results where the future return of the difference portfolio is regressed on a dummy variable, ‫)݅ܪ(ܯܷܦܫܵܩ‬ ‫)ܮ(ܯܷܦܫܵܩ(‬ ), instead of ‫ܫܵܩ‬ directly. ‫)݅ܪ(ܯܷܦܫܵܩ‬ ‫)ܮ(ܯܷܦܫܵܩ(‬ ) takes on the value one, if sentiment in month m is more than one standard deviation above (below) its mean. t-statistics based on Newey and West (1987) standard errors are presented in parentheses. Notes (for Table 9 ): This table presents coefficient estimates for ‫ܫܵܩ‬ of time-series regressions of future difference-portfolio returns on ‫ܫܵܩ‬ (Column 2), on ‫ܫܵܩ‬ and RMRF (Column 3), and on ‫ܫܵܩ‬ , RMRF, SMB, HML, and WML (Column 4) in the first row of each panel. The difference-portfolio return is the return difference between the High and the Low quintile sentiment portfolio. Quintile portfolios are formed on criteria that capture the sentiment sensitivity of a stock: volatility, idiosyncratic risk, trade size, firm age, dividend payments, firm size, and profitability. When we use size as a sorting criterion (Panel E), results are from a model that does not include the size factor SMB. ‫ܫܵܩ‬ denotes the macro adjusted sentiment index. RMRF is the excess market return over the risk-free rate. SMB and HML are the Fama and French (1993) factors, hedgeportfolios long in small (high BE/ME) stocks and short in big (low BE/ME) stocks. WML m captures Jegadeesh and Titman`s (1993) momentum anomaly and is long in short-term winner stocks and short in short-term loser stocks (see, e.g., Carhart (1997) ). The second and third row of each panel present results where the future return of the difference portfolio is regressed on a dummy variable, ‫)݅ܪ(ܯܷܦܫܵܩ‬ ‫)ܮ(ܯܷܦܫܵܩ(‬ ), instead of GSI directly. ‫)݅ܪ(ܯܷܦܫܵܩ‬ ‫)ܮ(ܯܷܦܫܵܩ(‬ ) takes on the value one, if sentiment in month m is more than one standard deviation above (below) its mean. t-statistics based on Newey and West (1987) standard errors are presented in parentheses.
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